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Abstract

Achieving biodiversity targets requires advances in marine conservation planning and ac-
tion. We make three arguments about large language models (LLMs): they add more
value when embedded within decision-support systems; they integrate fragmented ex-
pertise, data, and tools; they can increase capacity in under-resourced settings through
co-design. We illustrate these arguments with a conceptual LLM-enabled marine protected
area design and management framework, and address concerns about data, governance,
and knowledge equity.

Introduction

Global biodiversity loss and marine ecosystem degradation persist despite decades of in-
ternational conservation efforts [I], 2, 3]. The Aichi Biodiversity Targets [4] fell short in
part because of fragmented implementation, limited capacity, and inadequate monitoring
and data systems [5],[6]. The Kunming-Montreal Global Biodiversity Framework (GBF) [7]
responds with stronger emphasis on technology, capacity building, and accessible biodi-
versity knowledge through Targets 20 and 21. Meeting these targets requires advances in
conservation planning, monitoring, and decision-making.

Artificial intelligence (Al), including large language models (LLMs), is increasingly be-
ing explored for conservation, environmental modelling, and policy [8] 9, [10} 11}, 12} [13,
14]. As outlined in Box 1 and Figure , LLMs are trained on predictive text at scale, sup-
porting information retrieval, knowledge synthesis, and interaction with analytical tools,
with applications ranging from international agreement question answering to coastal risk
prioritisation and GIS analysis [15] [16], 17, [18]. However, integrating these capabilities
into complete conservation planning workflows remains an open challenge.

Marine protected area (MPA) planning provides an example case. It requires the
integration of ecological data, spatial analyses, fisheries science, governance objectives,
and policy, often distributed across separate tools, datasets, and institutions. When these
inputs are difficult to combine, planners have less capacity to assess ecological trade-
offs and adapt management to changing environmental conditions, threats, and policy
priorities. These constraints are particularly relevant in under-resourced contexts, where
limited expertise and infrastructure can restrict access to integrated evidence and planning
tools.

We argue that LLMs can support MPA design and management planning by coordinat-
ing established analytical tools, synthesising their outputs, and making evidence accessible
to planners and stakeholders. Their role is to support quantitative analysis and human
judgement, with planning decisions remaining subject to domain expertise, local context,
and appropriate governance. Co-designed with end users, such systems could also broaden
participation and support planning in contexts with limited analytical capacity. We de-
velop this argument through the GBF's emphasis on monitoring, planning, and knowledge
and capacity building, before presenting a framework for LLM-enabled MPA design and
management planning under Target 3. The conceptual framework specifies a workflow
from data ingestion to draft management plan, identifies where LLM support is appro-
priate and where human authority must be retained, and examines the implementation
challenges and evaluation needs that must be addressed when developing the system.
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Figure 1: Artificial neural networks and machine learning.

(a) Biological neurons transmit signals through synapses, with learning arising from
changes in synaptic strength. Artificial neural networks (ANNs) are loosely inspired by this
organisation but operate as abstract computational systems rather than biological
analogues.

(b) ANNs consist of interconnected nodes whose weighted connections are adjusted during
training to improve performance on data-driven tasks.

(c) Large language models (LLMs) are ANNs trained primarily to predict the next token in
a sequence from its preceding context. Their large numbers of parameters enable them to
capture complex statistical structure in language. Models trained on broad datasets in this
way are commonly termed foundation models. Systems such as ChatGPT can also process
images and other data types through specialised components, but effective analysis of
ecological imagery and remote sensing products generally requires specialised models
working alongside the LLM.

(d) Computer vision methods analyse visual information, including photographs and
underwater imagery, to identify species and ecological features. Convolutional neural
networks are a common approach, learning visual features that support tasks such as
species classification.

Informing Biodiversity Conservation under the GBF

The GBF requires conservation decisions to draw on biodiversity evidence, policy objec-
tives, and stakeholder knowledge. The proposed framework uses LLMs to help connect
these inputs with the specialised tools used to analyse them. Figure [2| illustrates the
framework's architecture, in which the LLM retrieves and synthesises information, trans-
lates requests into analytical tasks, and coordinates tools for spatial analysis, modelling,
and scenario exploration. Specialised systems perform quantitative analyses, while plan-
ners and other authorised stakeholders retain decision authority. Three areas of GBF
implementation inform the framework: analysis and monitoring, planning and decision-
making, and knowledge and capacity building.
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Figure 2. The potential of LLMs is apparent when considering their central role in a wider
system. Tools such as computer vision models, geospatial models and forecasting models
are used by the LLM to provide conservation decision support guided by stakeholder
interaction. Stakeholders ensure appropriate governance, supporting equitable outcomes
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Analysis and Monitoring

Analysis and monitoring provide evidence for MPA design and management, including
ecosystem assessment, spatial planning, fisheries management, and restoration [5]. LLM-
enabled systems can help connect observations from visual, acoustic, and spatial data with
specialised analytical models. Multimodal and task-specific models can support ecological
classification [19] 20} [21], while robotic and autonomous systems can extend data collec-
tion in difficult-to-access environments [22, 23]. These systems provide complementary
functions: LLMs can help retrieve, organise, and route evidence through analytical work-
flows, while specialised models remain responsible for tasks such as ecological classification
and quantitative analysis.

LLMs can also translate natural-language requests into geospatial workflows and co-
ordinate pipelines for spatial modelling, forecasting, and data harmonisation [24, 25| [26].
This can make analytical workflows more accessible and connect their outputs to sub-
sequent planning tasks, without replacing the specialist methods used to generate the
evidence.

Planning and Decision-Making

The GBF calls for biodiversity to be incorporated into decision-making (Target 14) and
for sustainable management of fisheries and aquaculture (Target 10). Implementing these
targets requires ecological evidence, policy constraints, and management priorities to be
considered together across spatial and temporal scales.

LLMs can support this process by retrieving relevant information, synthesising evi-
dence, and helping planners explore alternative scenarios. Existing applications include
question answering over international agreements [15], scenario evaluation [16], and co-
ordination of agents with competing land-use priorities within a spatial model [I7]. In
MPA planning, these functions can help translate policy objectives and management con-
straints into analytical tasks, organise alternative configurations, and communicate their
implications and trade-offs. Quantitative evaluation depends on the underlying models
and decision criteria, while the assessment of trade-offs and selection of management
actions remain with planners and other authorised decision-makers.

Knowledge and Capacity Building

MPA design and management planning draws on expertise across ecology, fisheries sci-
ence, spatial analysis, governance, and policy. Relevant information is distributed across
scientific publications, policy documents, multilingual sources, and grey literature [8], [27].
Within the proposed framework, domain-specific retrieval can improve access to this mate-
rial [28] 29], while natural-language interfaces can help planners and stakeholders engage
with GIS and modelling tools without requiring equivalent proficiency in each technical
domain [18] 30]. By connecting information and analytical capabilities within the plan-
ning workflow, the framework could support participation by stakeholders with different
forms of expertise, including in under-resourced contexts where specialist capacity and
infrastructure are limited.

The framework must also account for knowledge governance. Under GBF Targets
20-22, capacity building and access to biodiversity knowledge must respect the rights
and authority of Indigenous Peoples and local communities. The inclusion of Indigenous
and locally held knowledge in MPA planning requires the consent of its custodians and
governance arrangements that reflect their authority over its use.
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Figure 3: The proposed architecture for an LLM-assisted MPA design and management
planning tool. Inputs are harmonised by the LLM system and used in spatial prioritisation,
scenario design and plan generation modules. The tool outputs rationale, site and zoning
proposals, and draft documents. The user can explore the data, make selections, and use
natural language to modify outputs.

LLM-Enabled MPA Design and Management Planning

The capabilities described above come together in MPA design and management planning,
supporting site selection, zoning, and management plan development under GBF Target
3. Achieving the target requires protected areas that are ecologically representative and
connected, while accounting for social, economic, and governance considerations. LLMs
can provide a coordination layer that links these inputs and analytical outputs within an
iterative planning workflow.

MPA planning integrates ecological data, spatial analyses, governance objectives,
stakeholder priorities, and legal frameworks [5], often distributed across separate tools
and institutions [31]. Figure [3| presents a conceptual architecture for connecting these
components through knowledge synthesis, scenario exploration, spatial prioritisation, and
plan generation. The LLM translates between users and specialised tools, prepares analyt-
ical inputs, interprets outputs, and communicates alternatives, while users retain control
over consequential decisions. Box 2 specifies the proposed workflow.



This box describes the intended workflow of the proposed framework. At each step, the
LLM exchanges structured data with specialised components, which perform the retrieval,
spatial, and optimisation tasks.

Step 1: Data ingestion and requirements interpretation. The user uploads local data
(species observations, habitat maps, community boundaries, use zones). The system re-
trieves national and international layers (remote sensing products, GBIF records) through
data services, and a retrieval-augmented generation (RAG) component retrieves passages
from national biodiversity strategies, legislation, and literature. Each dataset and passage
is tagged at ingestion with provenance metadata recording its source, custodian, and condi-
tions of use. The LLM identifies applicable GBF targets, national obligations, and planning
constraints. Culturally sensitive layers remain under the control of their custodians and enter
the analysis only in forms they approve. The user confirms data and requirements before
analysis.

Step 2: Spatial prioritisation. GIS tools harmonise layers to a common set of planning
units. The LLM translates requirements into a structured problem specification (conserva-
tion features, planning units, targets, costs, and constraints) and mathematical formulation
(e.g., Mixed Integer Linear Programming or Maximum Coverage Problem) for an established
software suit such as prioritizr or Marxan, which performs the optimisation. The solver re-
turns candidate configurations, and the LLM generates a structured rationale identifying
feature representation, trade-offs, and key assumptions.

Step 3: User review of candidate site configurations. The user explores candidate
maps and rationale, queries results, and adjusts inputs (targets, exclusions, community
knowledge). The LLM updates and compares prioritisation scenarios. The user confirms
site boundaries.

Step 4: Zonation and scenario analysis. The workflow is applied to internal zoning,
incorporating use-type data (fishing, tourism, cultural sites) and legal constraints. Scenario
analysis evaluates alternative configurations under different assumptions, with trade-offs
summarised in accessible language.

Step 5: User review of candidate zone configurations. The user reviews zoning options,
adjusts inputs as needed, and selects a preferred configuration.

Step 6: Management plan generation. The LLM drafts a management plan from the
confirmed boundary, zoning, stakeholder inputs, and budget, following national guidelines
and precedent documents retrieved through the RAG component. The user reviews and
refines the draft before export.

Throughout all stages, provenance metadata is carried through each analytical step to every
output, so each map, rationale, and draft plan identifies its data sources, custodians, and
conditions of use. Outputs are also logged with model versions and solver parameters, and
the user retains authority over consequential decisions.

Spatial prioritisation uses optimisation methods such as those implemented in Marxan
and prioritizr. The LLM translates stakeholder objectives into analytical tasks, prepares
inputs, interprets outputs, and communicates alternatives. The framework could also
support alternative optimisation algorithms, including NSGA-IIl, while keeping quanti-
tative optimisation separate from the LLM's role in natural language interaction. This
allows planners to explore multiple configurations and understand their trade-offs without
requiring the LLM to perform the optimisation itself.

The framework also supports adaptive management by connecting monitoring and
analytical systems to the planning workflow. Species observations, geospatial updates,
forecasting outputs, and robotic sensing can trigger a review of existing plans, creating
a feedback loop between monitoring, analysis, and planning. This allows plans to be



updated as ecological conditions, threats, and management priorities change.

Uncertainty arises from incomplete data, forecasting error, model variation, and con-
flicting priorities. Scenario analysis and provenance tracking can help address these sources
of uncertainty. Solver runs across alternative targets, costs, and input datasets can iden-
tify the stability of candidate configurations, while source-linked rationales help distinguish
evidence-supported statements from unsupported outputs. Results can therefore report
the sensitivity of planning outcomes and identify where additional monitoring would im-
prove future decisions.

Protected area design also involves normative judgements about ecological priorities,
resource use, and acceptable trade-offs. LLMs can structure information, explore alter-
natives, coordinate analytical systems, and communicate rationale, but conservation ob-
jectives and decisions remain human responsibilities. User review and decision authority
are therefore explicit components of the workflow, rather than post hoc safeguards. The
intended outcome is to increase planning capacity and support more consistent integra-
tion of ecological, socioeconomic, and Indigenous knowledge while retaining accountable
human governance.

Evaluating the Framework

The framework is conceptual and requires empirical validation before deployment. Evalua-
tion should operate at four levels. At the component level, retrieval should be assessed for
accuracy and source attribution against expert-curated question sets, while LLM-generated
problem specifications should be compared with those produced by experienced planners
using the same objectives and data. At the system level, repeated runs and model updates
should be tested for reproducibility, with uncertainty tracked from inputs to user-facing
outputs. At the user level, co-design studies with practitioners and communities should
assess usability, interpretation of rationale and uncertainty, and whether decision authority
remains with users in practice. At the outcome level, plans developed with and without
the system should be compared against ecological criteria such as habitat representation
and connectivity and, where feasible, indicators of management effectiveness.

Once validated, the system could also support the evaluation of individual plans. Be-
fore implementation, conservation planning guidelines, IUCN standards, and GBF targets
can provide structured criteria for identifying gaps in draft plans. After implementation,
monitoring data can feed back into the system to assess progress towards objectives and
identify where revision is needed. LLM-guided assessment could apply these criteria at
scale, but would itself require validation against expert review. At every level, expert
judgement remains the reference standard for assessing system outputs.

Implementation Challenges

Integrating heterogeneous data, analytical models, and human decisions raises challenges
for reliability, governance, and knowledge representation. These challenges are important
because MPA planning affects conservation priorities, resource allocation, and stakeholder
and Indigenous rights.

Data Limitations and Reliability

System performance depends on the quality and coverage of environmental data and the
behaviour of individual model components. Off-the-shelf LLMs rarely achieve best-in-class



performance in domain-specific applications without adaptation [19] 20, [2I]. They should
therefore coordinate specialised ecological, spatial, and optimisation models rather than
replace them. Marine conservation datasets are often sparse, heterogeneous, and unevenly
distributed, particularly where biodiversity is high but monitoring capacity is limited [9].
These gaps affect spatial prioritisation and forecasting, so outputs should be interpreted
in the context of available data and model assumptions. Sensitivity analyses can identify
how candidate plans change under alternative datasets, targets, and costs.

LLM variability also affects reproducibility. External models may be updated or re-
placed, and outputs can vary between runs. Version-controlled deployment or local hosting
can reduce this variability, with model updates evaluated before being incorporated into
decision-support workflows. Logging model versions, solver parameters, inputs, and out-
puts, as specified in Box 2, allows results to be traced to the system configuration that
produced them.

Governance, Transparency and Accountability

Governance begins with data access, ownership, and consent. This is particularly im-
portant for Indigenous and locally held knowledge, where misuse can affect participation
and legitimacy. The CARE principles for Indigenous data governance (collective benefit,
authority to control, responsibility, and ethics) [32] provide a basis for determining how
such knowledge enters the system. Provenance metadata can record custodianship and
conditions of use, while custodians determine whether sensitive data enter the analysis
and in what form. For example, locations may be generalised or excluded from externally
hosted models.

Human oversight should be built into the workflow rather than left to a final review
step. Practitioners should be able to interrogate assumptions, refine inputs, and adjust
outputs [33] [34]. Stakeholder review has corrected model-generated risk assessments in
environmental decision-support applications [16], while supervised workflows can outper-
form fully automated alternatives [14]. The workflow therefore reserves consequential
decisions, including confirmation of requirements, site boundaries, zoning, and manage-
ment plans, for authorised users. Outputs should expose their assumptions, limitations,
and supporting sources, with decision logs recording who selected each option and on what
basis. MPA stages involving institutional legitimacy, such as mandate setting, stakeholder
negotiation, zoning decisions, and formal approval, require human authority [35, [36].

Representation and Knowledge Equity

LLMs reflect biases and gaps in their training data, including uneven representation of
ecological knowledge systems and Western-centric assumptions [37, 12, 38]. These biases
can influence how threats are framed, which ecosystems are prioritised, and how local
and Indigenous knowledge is interpreted. Bias can enter through data selection, model
development, interface design, and deployment [39], potentially affecting prioritisation
outcomes under GBF Targets 20-23.

Co-design with practitioners and communities can help identify inappropriate assump-
tions and align the system with existing planning processes. Language accessibility and
multilingual interfaces affect whose knowledge can enter the planning process and who
can participate. The system should also allow users to compare outputs under different
datasets, weighting schemes, and stakeholder-defined objectives, rather than presenting a
single result as neutral. These measures do not eliminate representational bias, but they



make its effects more visible and give stakeholders greater control over how knowledge
shapes planning outcomes.

Conclusion

Marine conservation planning is constrained by fragmented data, expertise, and analyt-
ical tools, as well as the need to integrate ecological, socioeconomic, and governance
considerations under uncertainty. When embedded within conservation workflows and
integrated with established analytical tools, LLMs can help address this fragmentation
by connecting heterogeneous information, coordinating analytical workflows, and making
outputs accessible to planners and stakeholders. The proposed framework outlines how
these functions could support MPA planning from data integration to management plan
development, while expanding access to conservation knowledge and retaining human
decision authority.

The framework remains conceptual and requires empirical evaluation. Co-design with
practitioners and communities across different institutional and regional contexts can es-
tablish whether these systems improve planning processes and support more ecologically
representative and durable plans. Evaluation should also examine reliability, reproducibil-
ity, knowledge governance, and the effects of model and data limitations. Evidence across
these dimensions is needed to establish where LLM-enabled MPA planning can contribute
to biodiversity conservation.
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